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A long with the increasing demands for reliable, accurate soils information has come a significant paradigm shift in how these demands are being met by the soil science community. Traditionally, soils information, specifically in the United States, has come in the form of published soil surveys, typically at scales of 1:12000 or 1:24000. These soil surveys, familiar to most soil and agricultural scientists, express soils on the landscape as discrete, polygon units, each representing a mixture of soil types, and having associated soil property and interpretive information typically derived from laboratory analysis and the personal, expert knowledge of the soil surveyors themselves. For decades these soil surveys, currently maintained and distributed by the National Cooperative Soil Survey (NCSS), have been the best sources of soil landscape information readably available. As technology has evolved since the initiation of the U.S. soil survey in the late 1800s, so has the variety of demands of end users seeking soils information.
A need has arisen for soil maps that express soils and their properties as a continuum, varying incrementally across the landscape and within the traditional polygon map unit boundaries. Computer modelers, precision agriculturists, decision makers, and many others are seeking information that better represents how soils exists in nature than is currently expressed by tradition soil survey and pedology. Over the past 30 yr, this demand has spurred the creation of a new field of soil science, known as predictive soil mapping, or more commonly, digital soil mapping (DSM) (McBratney et al., 2003) .
Digital soil mapping techniques enable us to produce new soil maps that represent soils and their properties as bodies that vary continuously across the landscape. Although DSM has the potential to be more cost and time effective than traditional survey, murkiness in DSM methodologies, along with a lack of uncertainty and error reporting, have led to general skepticism in the soil science and DSM communities about the accuracy, meaning, and robustness of digital soil maps.
Digital soil mapping techniques can be generalized as belonging to three broad categories: geostatistical, knowledge based, and a hybrid of both (Lees and Ritman, 1991; McBratney et al., 2000 McBratney et al., , 2003 Hengl et al., 2004; Zhu et al., 2010) . When point data are readily available, in combination with ancillary covariate information, geostatistical interpolation is frequently used for generation of property information on a gridded, or continuous, surface. These geostatistical methods are very useful when point data are available, in the absence of extensive soil survey and a general understanding of the landscape-scale processes driving soil differentiation and property formation (McBratney et al., 1992; Burrough et al., 1997; McKenzie and Ryan, 1999; Hengl et al., 2004) . The disadvantage is that these interpolative techniques, such as Kriging, only exploit relationships between the soil properties and covariates at known point locations and do not work to explain the underlying processes driving soil differentiation across the landscape. Additionally, point collection is expensive and not practical for large areas and is not always extrapolative, bringing up the question of appropriate point density and scales.
In situations where preexisting knowledge of the landscape soil relationships exists, it may be advantageous to utilize this knowledge to fill in the gaps in point sampled data. Known as knowledge based approaches, this use of tacit, heuristic knowledge has the ability to predict soil classes and properties when point data are lacking or expensive (Scull et al., 2003; McBratney et al., 2003) . In contrast to geostatistics, pure knowledge based approaches utilize the expert knowledge of the soil scientists to make decisions about soil classification and property estimates, which are then implemented over the desired area by the computer. These decisions may be based on ancillary information, as in geostatistical prediction, but their implementation is determined by the expert, not by statistics. Knowledge based mapping functions under the premise that the soil scientist's knowledge and understanding of the soil landscape relationship act as a mental model that can predict soil properties or classes. Geostatistics works to produce statistical models in lieu of hard to define mental models, which are unique to each individual scientist.
We present a DSM case study that utilizes a knowledge based approach and puts forth the idea that a combination of expert knowledge and computer aided fuzzy logic analysis can provide accurate, reliable digital soils maps that are cost effective and exploit the valuable expertise and knowledge put into producing historic soil survey.
Materials and Methods

Digital Methods
For this study a method combining expert knowledge based decisions and fuzzy logic was implemented to produce a soil class map and soil property maps predicting loess depth for a field in Indiana. A Soil Land Inference Model (SoLIM) was used to generate membership functions, known as soil similarity vectors (SSVs), as part of the fuzzy logic process .
Soil similarity vectors were generated at each grid cell location utilizing four terrain attributes, Saga topographic wetness index (TWI), slope, elevation, and modified catchment area (MCA). Under the soil similarity model, each grid cell location is made up of a number of soil similarity values, one for each soil class, representing the likelihood of the location to belong to each individual soil class. For a map with five soil classes, each cell will have a vector made up of its membership in each class ranging from 0 to 1, with 1 being complete membership in the class, and 0 representing no membership. Each cell is assigned overall membership to the class having the highest similarity value in the vector, for the purpose of map visualization. This is known as the hardening process (Zhu et al., 1996 (Zhu et al., , 2010 .
Once SSVs are generated, these fuzzy memberships can be used to produce loess depth estimates using the equation
where D ij is the loess depth at location (i, j), D k is the representative loess depth for soil class k, and n is the total number of soil classes (Zhu, 1997) . For this experiment, a selective sampling method, in combination with a calibration procedure, was developed to populate the representative loess depth, D k , for each of the five prescribed soil classes. The selective sampling strategy is where this methodology differs from previous studies, which defined the class representative soil properties using soil survey information, existing soil samples, averaged soil profile data, or other techniques (Zhu et al., 2001; Bui and Moran, 2001; Shi et al., 2004 ).
This method focuses on the idea of the central concept-the notion that each soil class has a location, theoretical or actualized, that is the absolute best representation of this soil class. In terms of the fuzzy logic process, this would be the grid cell within a class that has the highest membership in the prescribed class and lowest membership in all other classes. This cell would be the most representative of the soil class and is the location at which we sample. Only one sample is needed for each class and calibration is performed to ensure that the model predicted loess depth value at the representative sample location corresponds to the loess depth sampled in the field.
Calibration Procedure
The aim of the calibration procedure is to ensure that the predicted loess depth value at the representative grid cell location is equal to the loess depth value sampled in the field at that same location. For class 1, in order for this to occur, the SSV at the representative location for class 1 should be S = (1.0, 0.0, 0.0, 0.0, 0.0). To achieve this, a calibration vector needs to be determined. 
Study Site
The study was conducted at the Southeastern Purdue Agricultural Center (SEPAC), Fig. 2 . This 16-ha (?40-acre) farm in southeastern Indiana is characterized by Wisconsin age loess over Illinoisan age till. The area has a distinct, red paleosol layer underlying the loess. Soil functional classes in this area can be differentiated based on the depth of this loess. Loess is an important soil property because it impacts plant available water and nutrient holding capacity. A 5-m DEM for the site was obtained from the Indiana Spatial Data Portal (http//:gis.iu.edu) and was used to derive a number of terrain attributes.
Accuracy Assessment
Validation sampling was performed under a Latin hyper cube sampling design (Minasny and McBratney, 2006) . A total of 20 samples were taken, and depth to the paleosol layer (loess depth) was measured using a push probe and hand texturing.
Yield data were collected at the site for 2011 and used for assessment of the soil classes themselves, following the concept that under uniform management practices, soil classes that are functionally different in supplying yield potential will produce significantly different crop yields. The SEPAC site is under a cropping strategy of corn (Zea mays L.) and soybean [Glycine max (L.) Merr.] rows interspersed. To account for yield variability between crop types, yield values were normalized relative to the degree of yield above and below the mean yield for each crop. Values above zero were greater than average and values below zero were less than average yields.
Model accuracy was assessed with mean absolute error (MAE), which was used to determine how near the model prediction was to the observed values.
where v i is the observed soil property, v i ¢ is the predicted soil property value, and n is the number of observations (Zhu et al., 2010) . MAE was assessed for both the calibrated and uncalibrated loess depth predictions.
Results and Discussion
By implementing a knowledge-based fuzzy logic mapping approach, five soil classes were predicted and are shown in Fig.  3 . Membership values for each class at all locations on a 5-m grid were generating using the terrain attributes; TWI, MCA, elevation above sea level, and slope percentage, shown in Fig. 4 . The threshold values and distribution of terrain attributes within each soil class were defined through histogram inspection of terrain attribute values and expert knowledge of soil formation and distribution on the landscape acquired from the study of pedology, knowledge of glacial soils, and information obtained from the original soil survey of the area (Soil Survey Staff, 2012).
For each predicted soil class the representative sample location was determined as the grid cell having the highest membership value in that class and lowest memberships in all other classes, and loess depth sampling performed in field at those five locations. The membership values making up the SSVs at these locations and resulting calibration vector values are shown in Table 1 and the sampled loess depth in Table 2 . Classes 4 and 5 have the most profound calibration vector elements and correspond to the most highly sloping areas of the field. Sampling at the class 3 representative location was performed to a depth of 370 cm, at which no paleosol was detected. Further depth could not be reached due to limitations of the soil probing equipment. After inquiring with the local soil scientist who performed the NSSC survey, it was determined that this area incorporated remnants of a pervious karst landscape that may not have been entirely covered by the glacial event, bringing about the hypothesis that soil class 3 formed in remnant sink holes.
Loess depth prediction was performed using both uncalibrated and calibrated fuzzy membership values (Fig. 5) . The maps are most noticeably different in the areas corresponding to soil classes 4 and 5. Table 2 presents MAE values for both uncalibrated and calibrated predictions.
Overall MAE of the uncalibrated map is 27 cm, while MAE of the calibrated map is 29 cm. This implies that calibration to ensure the predicted value at the representative sample location 1  256  256  256  2  188  22  22  2  47  47  47  6  76  18  18  3  370  370  370  0  ---4  120  101  120  7  94  43  50  5  72  88  72  5  88  16  17  Overall  27  29 corresponds to the sampled value does not improve overall loess depth prediction.
A rank t test performed on the 2011 yield monitor data (Fig. 6) found all five classes to have significantly different crop yields, validating the assertion that the five soil classes are functionally different in terms of productivity.
Overall, the knowledge based fuzzy logic mapping approach along with selective sampling at the most representative class locations performed well in producing functionally different soil classes and predicting loess depth continuously across a fieldscale landscape.
Conclusions
The method presented works to combine knowledge stored within historic soil survey with new technology to create soil class and property maps related to yield potential and soil function. The results of this mapping effort show that production of useful, quantitative maps, with limited sampling, is possible when expert and historic knowledge are utilized to their fullest potential.
The human mind has the ability to represent soil patterns on the landscape accurately and can, through repeat experience, reliably identify subtleties that would be nearly impossible to understand through statistical models alone. Combining the two approaches has the potential to be extremely efficient and reliable if methods can be developed that exploit the best aspects of both. In this new, digital era of pedology, it is vital that we as soil scientists do not lose sight of our past as soil surveyors, purveyors of the most powerful models of all, those derived from the human experience. Normalized values greater than zero represent above average yields; values less than zero represent below average yields.
